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Abstract

Scientific information extraction (SciIE) is a001
key bottleneck for turning unstructured papers002
into computable knowledge bases, yet most ex-003
isting systems still follow a “local extraction004
then global assembly” paradigm. This work-005
flow is inherently lossy: by extracting fields in006
isolation, it breaks global correlations and dis-007
cards high-confidence signals that could other-008
wise be reused as internal supervision, forcing009
systems to repeatedly restart from scratch, espe-010
cially in long, multimodal scientific documents.011
In this paper, we propose a different view:012
SciIE should be solved as a progressive fill-013
ing problem, similar to solving a Sudoku, once014
a field is filled with high confidence, it should015
act as a constraint that guides the remaining016
uncertain fields. Based on this idea, we in-017
troduce SudokuFill, a multi-agent framework018
that maintains a Global Filling State and per-019
forms priority scheduling to establish reliable020
anchors first, then reuses them as internal su-021
pervision for iterative deliberation over harder022
fields. Evaluated on a specialized document-023
level adjuvant dataset, our framework achieves024
a SOTA score of 51.83% on our benchmark.025
Crucially, SudokuFill enables a 7B model to026
outperform the vanilla GPT-4o, suggesting that027
structured architectural reasoning can effec-028
tively compensate for parameter scale.029

1 Introduction030

With the burgeoning AI for Science (AI4S)031

paradigm, high-quality data has emerged as the032

indispensable foundation driving scientific discov-033

ery (Dagdelen et al., 2024; Sun et al., 2025). How-034

ever, a vast amount of domain knowledge remains035

sedimented in an unstructured format across hun-036

dreds of millions of scientific papers, with its core037

value often encapsulated in the fine-grained descrip-038

tions of specific Research Objects and their Com-039

plete Attributes. This unstructured data modality040

directly creates a bottleneck, obstructing the direct041

conversion of massive literature archives into AI042

 

Field A extraction

Field B extraction

Field C extraction

Value1

Value2

Value3

Then 
Assemble

When filling out the composition for 
Env+Gag, I can first check its Category 
value and then see how mature VLP is 
filled out.

I can reuse the values of 
existing fields.

I should retrieve past fill 
patterns to assist me.

Expert-Curated Domain Knowledge Construction

Local Extraction–Then–Assembly Paradigm in SciIE

Multi-Agent Progressive Global Filling Framework 

Figure 1: Comparison between the conventional “lo-
cal extraction then global assembly” pipeline (middle)
and our expert-inspired database population view (top),
instantiated as a multi-agent progressive global filling
framework (bottom).

training data and thereby constraining the potential 043

of AI models in frontier tasks such as mechanism 044

discovery and hypothesis generation (Zhou et al., 045

2024). Consequently, developing a document-level 046

SciIE framework to facilitate the construction of 047

computable knowledge bases has become a foun- 048

dational imperative within the AI4S community. 049

Historically, limited by early model capacities, 050

scientific database construction has predominantly 051

relied on a "local extraction then global assem- 052

bly" workflow (Liu et al., 2021). Prior systems 053

began with a target schema, decomposed it into 054

isolated, field-level information extraction (IE) sub- 055

tasks, extracted candidate values from sentence or 056

paragraph level contexts, and then assembled the 057

field-wise predictions one by one into structured 058

records via post-processing. However, we contend 059

that this process is inherently lossy for SciIE, as it 060
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artificially severs vital global correlations. Specifi-061

cally: (i) scientific attributes are bound by intrin-062

sic dependencies; in protein functional annotation,063

for instance, determining a domain type imposes064

soft constraints that narrow the search space and065

mitigate ambiguity for subsequent fields like ac-066

tive sites (Dou et al., 2024). (ii) High-confidence067

records from previous extractions naturally ac-068

cumulate across documents, providing valuable069

internal supervision that should serve as rich070

referential guidance for subsequent extraction.071

By neglecting these internal signals, systems are072

forced to restart from scratch for every field and073

document, increasing the risk of errors when pro-074

cessing information-dense, long-form text. Unfor-075

tunately, even as Large Language Models (LLMs)076

demonstrate strong reasoning and long-context ca-077

pabilities, much of the SciIE studies persist in this078

fragmented paradigm (Schilling-Wilhelmi et al.,079

2025; Dagdelen et al., 2024), treating LLMs pri-080

marily as more efficient local extractors rather than081

leveraging them for global, structured inference.082

In light of this, we reformulate document-level083

SciIE as a progressive, Sudoku-style filling prob-084

lem over an evolving global knowledge state. We085

propose SudokuFill, a multi-agent, multi-round086

framework that explicitly models field dependen-087

cies and schedules extractions in an easy-to-hard088

order. High-confidence field predictions are iter-089

atively written back to a global filling state and090

reused as structured constraints for subsequent091

queries, while extracted records are archived to092

provide cumulative reference patterns across docu-093

ments. Through role specialization and multi-agent094

debate, the framework decomposes global reason-095

ing into localized, precise extraction steps, improv-096

ing consistency in long, multimodal documents.097

We selected vaccine adjuvants (Singh and098

O’Hagan, 1999) as our target domain, which has099

long lacked a systematic database. Given the struc-100

tural complexity of its research objects and attribute101

descriptions, we constructed the first document-102

level adjuvant benchmark to evaluate the specific103

task challenges and the framework proposed in this104

study. Unlike most mainstream SciIE benchmarks105

that provide manually cleaned and pre-segmented106

target paragraphs, we focus on the end-to-end pro-107

cess of knowledge base consruction by taking raw108

PDFs as input. This setting requires the system to109

operate directly over complex layouts, cross-page110

evidence dispersion, and multi-source signals such111

as tables and figures, while identifying research 112

objects and reconstructing their attribute sets at the 113

document level. Overall, our main contributions 114

are summarized as follows: 115

(1) To the best of our knowledge, we are the first 116

to reframe document-level SciIE as a Sudoku-style 117

filling, addressing the information loss of the pre- 118

vailing “local extraction then global assembly” 119

paradigm in long, multimodal scientific documents. 120

(2) We propose SudokuFill, a two-stage multi-agent 121

framework with a Global Filling State that iter- 122

atively reuses extracted fields as constraints, en- 123

abling a 7B model to outperform vanilla GPT-4o. 124

(3) We contribute the first document-level vaccine 125

adjuvant IE benchmark for SciIE evaluation. Exten- 126

sive experiments on this benchmark reveal insights. 127

2 Related Works 128

We review the methodological evolution of min- 129

ing structured knowledge from scientific literature, 130

covering the transition from early heuristic sys- 131

tems and pre-trained models, such as BERT (De- 132

vlin et al., 2019) and T5 (Raffel et al., 2020), to 133

generative LLMs, and finally to the latest agents 134

and knowledge-enhanced frameworks. 135

Heuristic Systems and statistical rules. Early 136

research in SciIE primarily relied on heuristic sys- 137

tems and statistical rules (Espinosa-Anke and Sag- 138

gion, 2014; Storrer and Wellinghoff, 2006; Berlin 139

and Motro, 2002), utilizing regular expressions, 140

dictionary matching, and statistical metrics, such 141

as DC-Value (Liwei, 2022) and entropy (Tian et al., 142

2023), to filter terms based on lexical rigidity. In 143

the material science domain, the tool ChemDataEx- 144

tractor (Swain and Cole, 2016) parsed chemical 145

properties using dictionary-based rules. Beyond 146

this, predefined templates, such as Hearst patterns, 147

were utilized to infer semantic relations like hy- 148

ponymy and synonymy (Liu et al., 2017). While 149

effective for specific, rule-governed tasks, these 150

methods struggle with diverse semantic expressions 151

and require feature engineering. 152

Pre-trained Models. To transcend the limita- 153

tions of shallow pattern matching, the field shifted 154

towards Deep Learning, where pre-trained models 155

emerged as the mainstream paradigm to capture 156

semantic context. Representative studies anchored 157

on BERT and its variants (Jain et al., 2023; Zhang 158

et al., 2023; Pérez-Pérez et al., 2022) have demon- 159

strated significant superiority over traditional sys- 160

tems relying on handcrafted features across diverse 161
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scientific extraction tasks. For instance, multi-stage162

systems such as BERT-PSIE (Gilligan et al., 2023)163

integrate sentence filtering, named entity recog-164

nition, and relation classification into traceable165

pipelines, achieving high-precision attribute extrac-166

tion within the materials science domain. Subse-167

quently, strategies involving domain-adaptive pre-168

training (Gupta et al., 2022; Shetty et al., 2023)169

have further extended extraction capabilities across170

specific scientific disciplines (Beltagy et al., 2019;171

Lee et al., 2020). Beyond encoder-only architec-172

tures, Text + Chem T5 (Christofidellis et al., 2023)173

represents a paradigm shift, by leveraging multi-174

task pre-training on 2.3 million reactant-product175

pairs, it explores generative approaches to chemi-176

cal IE distinct from the BERT framework. Despite177

these continuous advancements, pre-trained mod-178

els face inherent constraints: finite context win-179

dows (Beltagy et al., 2020) and the high cost of180

manual annotation (Li et al., 2024) severely limit181

their capacity to extract complex information from182

long scientific documents.183

Generative LLMs. Leveraging extended context184

windows and reduced reliance on explicit annota-185

tion, LLMs have streamlined scientific IE by en-186

abling low-cost, efficient extraction via prompt en-187

gineering and few-shot learning (Dagdelen et al.,188

2024; Zhang et al., 2024). Notable implementa-189

tions include the ChemPrompt strategy (Zheng190

et al., 2023), which extracts Metal-Organic Frame-191

work (MOF) data from enriched text segments, and192

the foundation model nach0 (Livne et al., 2024),193

which integrates chemical and linguistic knowl-194

edge to solve complex mining tasks. While LLMs195

extend the context window beyond previous mod-196

els, their reliability in extracting complex informa-197

tion from long scientific documents remains con-198

strained by prone-to-error hallucinations (Dagde-199

len et al., 2024) and the "Lost in the Middle" phe-200

nomenon (Liu et al., 2024).201

Agents and Knowledge-Enhanced Frameworks.202

In materials science, Eunomia (Ansari and203

Moosavi, 2024) employs a chain-of-verification204

mechanism to ensure high-fidelity extraction of205

structured data. In catalysis, CATDA (Chen et al.,206

2025) leverages text-to-graph construction to cap-207

ture complex "synthesis-performance" relation-208

ships scattered across lengthy documents. Simi-209

larly, in clinical medicine, CLEAR (Lopez et al.,210

2025) significantly improves accuracy by substi-211

tuting broad embedding search with precise entity-212

centric retrieval. However, existing frameworks re- 213

main imperfect in handling holistic long-document 214

multimodal reasoning. Furthermore, they largely 215

rely on static knowledge bases, lacking the self- 216

evolutionary capability to dynamically refine ex- 217

traction logic for complex field dependencies. 218

3 Proposed Method 219

3.1 Overview 220

As shown in Fig 2, we propose a round-driven, two- 221

stage framework SudokuFill for structured extrac- 222

tion. Stage I schedules field-grounded queries by 223

performing page-level probing and ranking them 224

by extraction priority (§ 3.2). Stage II processes 225

queries sequentially, resolving each via multi- 226

round deliberation among heterogeneous agents 227

to refine candidates until convergence (§ 3.3). 228

Crucially, the framework centers on cross-round 229

and cross-query information reuse. Each round 230

updates a history memory, while high-confidence 231

converged results provide dynamic context to con- 232

strain subsequent queries. After processing each pa- 233

per, extracted records are archived in a searchable 234

global filling state, accumulating cross-document 235

priors and patterns to support the row/column con- 236

straint agents. For clarity, Figure 2 depicts the 237

workflow for a single query within a single round; 238

in practice, global convergence arises from iterat- 239

ing over multiple queries across rounds. 240

3.2 Stage I: Field Priority Scheduling 241

Before entering multi-agent extraction, we intro- 242

duce Stage I as a field-grounded query priority 243

scheduling stage. Rather than targeting the final 244

correctness of candidate values, Stage I performs 245

a probing pass to determine whether each field- 246

grounded query exhibits identifiable signals on 247

document pages and to estimate the confidence 248

strength of such signals, thereby providing an easy- 249

to-hard execution order and a stable starting point 250

for subsequent extraction. The pseudocode for the 251

Stage I algorithm is provided in the appendix A.5. 252

Formally, we first instantiate each schema field 253

f into a query unit q = ⟨f, ϕ(f)⟩, where ϕ(f) 254

specifies the field description and extraction con- 255

straints. This normalization improves agents’ se- 256

mantic comprehension with the target and facil- 257

itates reusing resolved query results as standard- 258

ized context in later rounds (the generation rules 259

and templated mappings are provided in the ap- 260

pendix A.1). We build MLLM-based Page Agents, 261
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Figure 2: Two-stage multi-agent framework for SciIE: Stage I prioritizes queries via page agent using confidence
and participation signals. Stage II extracts each query through multi-agent debate with coordination, mode switching,
and confidence-based convergence, producing the final answer for each query and incrementally update a global
filling state for iterative reuse across subsequent queries and papers.

and feed these queries as inputs to perform a paral-262

lel, one-pass page-level probing over the document.263

Each Page Agent quickly scans only its assigned264

page for a given query and output a candidate triple265

(Vp,q, Cp,q, Ep,q) for each page p–query q pair,266

where V is the proposed value, C is the agent’s in-267

ternal confidence estimate (with a calibration rubric268

in the appendix), and E provides verifiable evi-269

dence localization. We organize all page–query270

outputs into a page–query matrix M (Fig 2(a)),271

which serves as the direct input to the rank agent to272

characterize signal strength and spatial distribution273

across pages. Moreover, Candidates (V,C,E) in274

M are also directly injected into Stage II as the275

initial candidate pool, providing a warm-start for276

subsequent multi-round deliberation.277

Given M, the query execution order is deter-278

mined by a rank agent. The rank agent consid-279

ers three types of signals: (i) MaxConf(q) =280

maxpCp,q, which takes the maximum confidence281

across pages for each query, used as a proxy for282

signal strength and to prioritize queries accord-283

ingly; (ii) participation, defined as Part(q) = |{p |284

Cp,q > 0.5}|, where C > 0.5 indicates an effec-285

tive participation to filter noisy responses driven286

by weak cues or uncertain matches (the threshold287

rationale and empirical analysis are deferred to the288

Appendix A.2 and Section 5.2); and (iii) schema-289

implied inter-field dependencies, which help pri-290

oritize queries that are more likely to provide con-291

straints for subsequent fields. The rank agent out- 292

puts a prioritized query sequence, which is then ex- 293

ecuted in Stage II in order. (Prompts and decision 294

specifications are detailed in the Appendix A.4.2) 295

3.3 Stage II: Multi-Agent Debate for Query 296

Extraction 297

Stage II processes queries sequentially under the 298

schedule π and resolves each via multi-round de- 299

liberation among heterogeneous agents. For each 300

query q ∈ π, we initialize its candidate pool C(0)(q) 301

with warm-start candidates collected from the page– 302

query matrixM, the set of (Vp,q, Cp,q, Ep,q) across 303

pages. The deliberation then proceeds in rounds, 304

where agents exchange grounded evidence and 305

structured constraints to iteratively refine candidate 306

values until convergence. 307

Agents and global filling state. We employ 308

three roles with explicitly constrained interfaces. 309

Page agents AP ground on their assigned pages 310

and propose or revise candidates for the current 311

query, outputting (V,C,E). Constraint agents pro- 312

vide complementary structural signals from a row 313

view Arow and a column view Acol. Both con- 314

sult an evolving global filling state G, a Sudoku- 315

style state that stores high-confidence confirma- 316

tions from previously resolved queries. Impor- 317

tantly, constraint agents do not introduce new val- 318

ues; instead, they output (V sup, C,E) with V sup ∈ 319
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{V | ∃C,E s.t. (V,C,E) ∈ C(t)(q) }., thereby320

supporting or challenging candidates proposed by321

page agents. Finally, a coordinator AC orches-322

trates the deliberation without directly predicting323

values. Throughout Stage II, we maintain the query-324

specific candidate pool C(t)(q), a round history325

memory H(t)(q) that summarizes agents’ stances326

and evidence, and the global filling state G, which is327

incrementally updated after each query converges.328

Round protocol with cross-round and cross-329

query reuse. At round t, the coordinator AC330

builds the round context from the current query331

q, the candidate pool C(t)(q), the compressed his-332

tory H(t−1)(q), and the current global filling state333

G. All agents then respond in parallel. Constraint334

agents consult G to check consistency and surface335

relevant constraints, and output (V sup, C,E) re-336

stricted to current candidates. The coordinator337

aggregates all outputs to update the round mem-338

ory H(t)(q) and the candidate pool C(t+1)(q) by339

consolidating evidence, tracking support versus op-340

position, and recording within-agent confidence341

revisions. This yields reuse at two levels: cross-342

round reuse via H(t)(q) for subsequent rounds of343

the same query, and cross-query reuse by writing344

converged results back into G as standardized con-345

text for later queries.346

Adaptive deliberation and convergence. Multi-347

agent deliberation may prematurely collapse to a348

majority view when evidence is sparse or unevenly349

distributed, leaving critical dissent insufficiently350

examined. To mitigate this, the coordinator AC se-351

lects among three deliberation modes conditioned352

on the evolving history H(t)(q). Regular debate353

is the default, where page and constraint agents ex-354

change evidence to refine the candidate pool. Anti-355

bias debate is activated when a dominant candidate356

is repeatedly endorsed while a persistent, evidence-357

backed objection remains; the coordinator then pri-358

oritizes directly addressing it. Re-thinking is used359

when the leading candidate is supported by only360

a single page source or a single agent, prompting361

the coordinator to elicit confirmations or counter-362

evidence from other page agents. Convergence is363

judged by temporal trends rather than cross-agent364

confidence comparability. The coordinator stops365

when the leading candidate is stable across succes-366

sive rounds and each agent’s within-agent confi-367

dence updates become negligible, indicating dimin-368

ishing revisions. It then outputs the final value V369

with aggregated evidence E and writes (q, V,E) 370

into the global filling state G to constrain subse- 371

quent queries.(For more details and specific data 372

flow for each round, see the appendix B) 373

4 Experiments 374

In this section, we conduct a comprehensive eval- 375

uation of SudokuFill. Section 4.1 describes the 376

experimental setup, Section 4.2 reports the main 377

results, and Section 4.3 presents ablation studies 378

analyzing the contributions of key components. 379

4.1 Experiment Setup 380

Dataset We evaluate SudokuFill on the Vac- 381

cine Adjuvant Benchmark, a document-level SciIE 382

dataset designed for the end-to-end transition from 383

raw literature to structured records. The bench- 384

mark comprises 250 scientific papers and over 385

1,000 annotated adjuvant records. Unlike tradi- 386

tional datasets, it requires identifying multiple re- 387

search objects within a single document and pop- 388

ulating a schema of 10 heterogeneous fields: Ad- 389

juvant_Name, Category, Sub_type, Composition, 390

Morphology, Particle_Size, Particle_Structure, Tar- 391

get, Target_Cell and Combination_mode (details 392

in Appendix C) This setting necessitates cross- 393

page evidence synthesis and multi-source signal 394

integration from raw PDFs. To ensure high fi- 395

delity, domain experts annotated the dataset in a 396

double-blind process with arbitration, yielding ro- 397

bust ground truth for entity- and record-level con- 398

sistency evaluation. 399

Automatic Evaluation Metrics To assess extrac- 400

tion performance, we employ three levels of met- 401

rics: (1) Entity-level Metrics: We report Precision 402

(P), Recall (R), and Micro F1-score (Goutte and 403

Gaussier, 2005) to evaluate the system’s ability to 404

extract individual attribute values correctly. This 405

reflects the local precision of the agents. (2) Row- 406

level Metrics: Given the Sudoku-style nature of the 407

task, the coherence of an entire record is paramount. 408

We introduce Row-level Accuracy and Micro-F1, 409

which require the system to not only identify the 410

research object (Adjuvant Name) but also correctly 411

associate it with its 10 corresponding attributes. 412

A row is considered a candidate for Acc only if 413

the core attributes are correctly grouped, providing 414

a stringent measure of structural consistency. (3) 415

Overall Score: we define the Overall metric as the 416

arithmetic mean of Entity-level F1 and Row-level 417
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Model / Method Params Entity-level Row-level Overall
P R F1 Acc F1 Avg F1

Closed-source Multimodal Large Language Models

GPT-4o (Achiam et al., 2023) – 69.50 71.33 68.51 31.42 26.43 47.47
GPT-4o mini (GPT, 2024b) – 65.19 68.37 66.74 29.81 26.07 46.41
GPT-5 Nano (GPT, 2024a) – 60.42 68.42 64.17 26.30 22.95 43.56
Gemini-1.5 Flash (Team et al., 2024) – 58.21 71.27 64.08 24.12 21.85 42.97
Claude-3 Haiku (Anthropic, 2024) – 62.12 68.90 65.33 27.28 22.87 44.10

Open-source Multimodal Large Language Models

Qwen2-VL (Wang et al., 2024) 72B 60.63 66.39 63.38 26.83 23.10 43.24
Intern-VL2 (Chen et al., 2024) 40B 56.63 65.15 60.59 24.77 21.16 40.88
Intern-VL2.5 (Chen et al.) 8B 55.61 65.41 60.11 23.12 21.91 41.62
LLaVA-v1.5 (Liu et al., 2023) 7B 52.80 55.85 54.28 19.18 18.84 36.56
Qwen-VL-Chat (Bai et al., 2023) 7B 57.08 63.95 60.32 20.20 20.76 40.54
Qwen2.5-VL (Bai et al., 2025) 7B 61.29 63.57 62.41 25.81 21.99 42.20
Deepseek-VL-Chat (Lu et al., 2024) 7B 54.65 60.29 57.33 21.34 21.23 39.33
Phi3-Vision (Marah Abdin, 2024) 7B 45.09 53.15 48.79 15.35 15.72 32.26

SciIE-related Models

LLM-NERRE (Dagdelen et al., 2024) 7B 57.57 63.15 60.24 23.36 21.09 40.67
Eunomia (Ansari and Moosavi, 2024) 7B 65.44 68.92 67.14 28.72 25.86 46.50
BioWorkflow (Wang and Wang, 2025) 7B 61.90 63.49 62.68 24.91 22.31 42.50

Multimodal Agentic Framework (Ours)

SudokuFill (Qwen2.5-VL) 7B 68.38 70.08 69.22 28.65 27.33 48.28
SudokuFill (Deepseek-VL-Chat) 7B 60.39 67.91 63.93 23.27 22.01 42.97
SudokuFill (GPT-5 Nano) – 67.71 78.84 72.85 34.38 30.80 51.83

Table 1: Main results on document-level adjuvant attribute extraction. We report entity-level Precision/Recall/F1
and row-level performance (record exact accuracy and Red: best; Blue: second best.

F1. Please refer to Appendix for formal mathemati-418

cal definitions and detailed calculation procedures.419

Baselines We assess the effectiveness of420

SudokuFill on both open-source and closed-421

source MLLMs, and compared it against the422

following models: (1) Closed-source MLLMs,423

including GPT-4o, GPT-5 Nano, Gemini-1.5424

Flash, and Claude-3 Haiku; (2) Open-source425

MLLMs across various scales (4B–72B), such426

as the Qwen2/2.5-VL series, Intern-VL2/2.5,427

DeepSeek-VL-Chat, Llava-v1.5 and Phi3-Vision;428

(3) SciIE-related Models including LLM-NERRE,429

Eunomia, and BioWorkflow, which are specifically430

designed for scientific domain extraction. For431

a fair comparison, all MLLM baselines are432

implemented using a sequential extraction strategy433

without priority scheduling. In this setting, models434

extract schema fields in a fixed order, without435

dynamic scheduling or multi-agent deliberation.436

SciIE-specialized models follow their original437

protocols adapted to our benchmark.438

4.2 Experiment Results439

Table 1 presents the performance of SudokuFill440

compared to a wide range of baselines. Our anal-441

ysis reveals systematic patterns that validate the 442

proposed framework. 443

A primary observation is that SudokuFillis ef- 444

fective across diverse backbones. Across both 445

7B-class open-source and frontier closed-source 446

MLLMs, SudokuFillconsistently improves perfor- 447

mance. Specifically, compared to their vanilla ver- 448

sions, SudokuFill improves the Overall score by 449

6.08% for Qwen2.5-VL, 3.64% for DeepSeek-VL- 450

Chat 8.27% for GPT-5 Nano. 451

The most striking specific result is that 452

SudokuFill with Qwen2.5-VL (7B) achieves an 453

Overall score of 48.28%, surpassing the vanilla 454

GPT-4o (47.47%). This result highlights that re- 455

formulating a massive long-context task into a 456

sequence of localized, high-precision extraction 457

rounds can reduce the reliance on model param- 458

eter scale. It further suggests that role division 459

and iterative reuse are effective design choices for 460

document-level SciIE. 461

A consistent pattern across all baselines is the 462

pronounced drop from Entity-level to Row-level 463

evaluation, reflecting a coherence gap in which 464

a single field error invalidates an entire record. 465

Even SciIE-specialized models such as Eunomia 466

are highly sensitive to this issue. In contrast, 467
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Ablation Setting Entity-level Row-level Overall
P R F1 Acc F1 Avg F1

Full System

Full: Stage I (scheduling) + Stage II (Extraction) 67.71 78.84 72.85 34.38 30.80 51.83
Ablation-1: w/o scheduling

1-a Random order (seed=1) 66.58 75.46 70.74 32.14 30.03 50.39
1-b Random order (seed=2) 67.05 76.17 71.32 33.91 30.66 50.99
1-c Random order (seed=3) 66.52 73.78 69.96 31.27 29.12 49.54
1-d Schema fixed order 66.87 76.54 71.38 33.56 29.81 50.60

Ablation-2: w/o cross-query reuse∗

2 Disable query-result reuse across fields 65.60 70.29 67.32 28.34 26.92 47.12

Ablation-3: w/o multi-agent debate

3 Single-round regular debate 62.78 68.20 65.38 27.74 23.53 44.46

Ablation-4: w/o constraint agents

4-a w/o Arow 66.69 75.69 70.90 32.78 29.20 50.05
4-b w/o Acol 67.38 77.55 72.11 33.84 30.71 51.41
4-c w/o both Arow and Acol 65.50 73.21 69.14 31.94 28.75 48.95

Table 2: Ablation study of SudokuFill under a fixed backbone (GPT-5 Nano). ∗To disable cross-query reuse, we
remove the document-level filling context built from previously converged queries; consequently, the column-view
agent Acol is also disabled to avoid inadvertent access to resolved fields through the shared context.

SudokuFill exhibits substantially stronger robust-468

ness: the GPT-5 Nano variant achieves a Row-469

level accuracy of 34.38%, outperforming its vanilla470

counterpart by 8.08 percentage points. This advan-471

tage arises from the Global Filling State, which472

acts as a stabilizing anchor by prioritizing reliable473

fields in Stage I and reusing them as constraints to474

limit downstream uncertainty. We further observe a475

clear interaction between Signal Strength in Stage476

I and deliberative convergence in Stage II. Mod-477

els with stronger page-level probing benefit more478

from multi-agent debate, as more reliable schedules479

enable effective constraint propagation. Ablation480

studies confirm that scheduling and global reuse are481

jointly essential, indicating that the Sudoku-style482

progression operates as a tightly coupled system483

rather than independent modules.484

4.3 Ablation Study485

To investigate the contribution of each component486

in SudokuFill, we perform ablation studies with487

GPT-5 Nano as the backbone.488

Variations Setup We design four categories of489

variants to isolate the impact of our core modules:490

(1) w/o Scheduling replaces the Stage I priority491

sequence with three random seeds (1-a, b, c) and492

a fixed schema order (1-d) to evaluate the "easy-493

to-hard" filling logic. (2) w/o Cross-query Reuse494

(Ablation 2) disables the document-level global495

filling state and the column-view agentAcol, revert-496

ing to isolated field extraction. (3) w/o Multi-agent 497

Debate (Ablation 3) simplifies Stage II to a single 498

round of debate to assess the necessity of iterative 499

deliberation. (4) w/o Constraint Agents (Abla- 500

tion 4) systematically removes the row-view agent 501

(4-a), the column-view agent (4-b), or both (4-c) to 502

examine the synergy of structural constraints. 503

Results As shown in Table 2, the ablation results 504

highlight several key insights. Removing priority 505

scheduling (Ablation 1) causes only a modest de- 506

cline, with the Overall score decreasing by about 507

1.5%. This suggests that cross-field reuse provides 508

robustness to sub-optimal execution orders. In con- 509

trast, Ablation 3 leads to a larger drop, with the 510

score falling to 44.46%, indicating that accurate 511

field-level extraction is essential to the progressive 512

framework. Furthermore, the substantial drop in 513

Ablation 2 (to 47.12%) reinforces the necessity of 514

the global filling state itself. These findings col- 515

lectively align with our Sudoku-style hypothesis: 516

while the order of filling (Stage I) provides an opti- 517

mized path, the reliability of the information within 518

each cell (Stage II) is the deciding factor for global 519

convergence. Finally, Ablation 4 examines the role 520

of constraint agents. Removing the Arow (4-a) 521

or Acol (4-b) leads to a steady decline in perfor- 522

mance, while their concurrent removal (4-c) yields 523

the largest drop among these variants. This con- 524

firms that row-level and column-level constraints 525

provide complementary structural signals. 526
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5 Further Analysis527

We further analyze the experimental results, fo-528

cusing on two findings: test-time scaling in our529

multi-agent system (Section 5.1) and the selection530

of the confidence threshold in Stage I (Section 5.2).531

5.1 Test-time Scaling532

We analyze test-time scaling by relating perfor-533

mance to the document-level budget (tokens and534

agent calls), primarily controlled by the number535

of Stage II deliberation rounds. Figure 3shows536

test-time scaling across all backbones: Overall537

F1 increases monotonically as budget rises from538

160k to 1200k tokens. This trajectory indicates539

that document-level SciIE is a compute-intensive540

reasoning task rather than a static retrieval problem.541

With additional thinking time, the multi-agent sys-542

tem better leverages increased inference compute543

to resolve layout ambiguities and refine evidence544

localization through the global filling state.545

160k 320k 640k 960k 1200k
Budget (Tokens)

42

44

46

48

O
ve

ra
ll 

F1
 (

%
)

Qwen2.5-VL

160k 320k 640k 960k 1200k
Budget (Tokens)

38

40

42

Deepseek-VL-Chat

160k 320k 640k 960k 1200k
Budget (Tokens)

44

46

48

50

52
GPT-5 Nano

200 400 600 800 1000
Budget (Agent Calls)

42

44

46

48

O
ve

ra
ll 

F1
 (

%
)

200 400 600 800 1000
Budget (Agent Calls)

38

39

40

41

42

43

200 400 600 800 1000
Budget (Agent Calls)

44

46

48

50

52

Figure 3: Test-time scaling under three backbones.

The results further reveal a significant scale com-546

pensation effect enabled by our iterative architec-547

ture. While GPT-5 Nano exhibits the highest scal-548

ing efficiency, climbing from 43.84% to 51.83% as549

it absorbs more budget, the 7B-class Qwen2.5-VL550

manages to reach a performance plateau of 48.28%551

at its higher tiers, notably surpassing the low-552

budget performance of the frontier GPT-5 Nano553

model. This gap narrowing suggests that structured,554

recursive reasoning can partially offset limited pa-555

rameter scale. SudokuFill effectively converts addi-556

tional inference-time compute into improved delib-557

erative consistency, enabling smaller open-source558

models to approach strong proprietary baselines.559

5.2 Stage I Confidence Threshold Selection560

We evaluate the sensitivity of the confidence thresh-561

old τ in Stage I by varying it from 0.1 to 0.9, ob-562

serving that performance follows a stable trajectory563

that peaks at τ = 0.5 (51.83% Overall, 34.38%564

Entity-P

Entity-R

Entity-F1

Row-Acc

Row-F1

Overall

20

40

60

80

100

Threshold = 0.1

Threshold = 0.3

Threshold = 0.4

Threshold = 0.5

Threshold = 0.6

Threshold = 0.7

Threshold = 0.9

Figure 4: Radar plot for confidence-threshold selection.

Row-Acc), as shown in Figure 4. This optimal 565

point is intuitive as it serves as the natural prob- 566

abilistic decision boundary, effectively balancing 567

the inclusion of likely page-level evidence with 568

the exclusion of low-confidence noise. Below this 569

threshold, the system exhibits a moderate decline; 570

while signal recall is high, the global filling state 571

becomes contaminated with noisy anchors, trigger- 572

ing minor cascading errors during the multi-agent 573

deliberation phase. In contrast, a slight decline 574

occurs as τ exceeds 0.5, with the Overall score 575

adjusting to 49.62% at τ = 0.7 and 48.93% at 576

τ = 0.9. This steady performance where Row-Acc 577

remains above 29%, indicates that Stage II is re- 578

silient, successfully utilizing even a limited set of 579

seeds to populate knowledge base. These findings 580

confirm that τ = 0.5 represents the ideal calibra- 581

tion point for stabilizing document-level IE while 582

maintaining high tolerance for threshold variations. 583

584

6 Conclusion 585

We proposed SudokuFill, a multi-agent framework 586

that reframes document-level SciIE as a progres- 587

sive, constraint-driven reasoning process. By itera- 588

tively reusing high-confidence extractions as struc- 589

tured constraints, SudokuFill emphasizes global 590

consistency over isolated field prediction. Ex- 591

periments on a newly constructed document-level 592

vaccine adjuvant benchmark demonstrate that this 593

progressive reuse paradigm consistently improves 594

record-level coherence across model backbones, 595

enabling smaller models to rival or surpass larger 596

MLLMs. These results suggest that structured it- 597

erative reasoning is a more effective lever than pa- 598

rameter scaling for long-document SciIE. 599
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Limitation600

SudokuFill incurs higher inference time overhead601

due to multi-round agent interaction and iterative602

reuse, which may limit deployment under tight603

latency and budget constraints. Progressive reuse604

also risks error propagation, as early mistakes may605

affect subsequent extractions. Future work will606

explore more selective scheduling, earlier stopping,607

and confidence checks to mitigate these issues.608

References609

2024a. Introducing gpt-5. https://openai.com/610
zh-Hans-CN/index/introducing-gpt-5/. Ac-611
cessed: 2025-08-7.612

2024b. GPT4o-mini. https://openai.com/index/613
gpt-4o-mini-advancing-cost-efficient/614
/intelligence/. Accessed: 2025-05-01.615

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama616
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,617
Diogo Almeida, Janko Altenschmidt, Sam Altman,618
Shyamal Anadkat, et al. 2023. Gpt-4 technical report.619
arXiv preprint arXiv:2303.08774.620

Mehrad Gholizadeh Ansari and Seyed Mohamad621
Moosavi. 2024. Agent-based learning of materials622
datasets from scientific literature. Digital Discovery.623

Anthropic. 2024. The claude 3 model family: Opus,624
sonnet, haiku.625

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang,626
Sinan Tan, Peng Wang, Junyang Lin, Chang Zhou,627
and Jingren Zhou. 2023. Qwen-vl: A versatile628
vision-language model for understanding, localiza-629
tion, text reading, and beyond. arXiv preprint630
arXiv:2308.12966.631

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-632
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shijie633
Wang, Jun Tang, et al. 2025. Qwen2. 5-vl technical634
report. arXiv preprint arXiv:2502.13923.635

Iz Beltagy, Kyle Lo, and Arman Cohan. 2019. Scibert:636
A pretrained language model for scientific text. arXiv637
preprint arXiv:1903.10676.638

Iz Beltagy, Matthew E Peters, and Arman Cohan. 2020.639
Longformer: The long-document transformer. arXiv640
preprint arXiv:2004.05150.641

Jacob Berlin and Amihai Motro. 2002. Database642
schema matching using machine learning with fea-643
ture selection. In International Conference on Ad-644
vanced Information Systems Engineering, pages 452–645
466. Springer.646

Honghao Chen, Hongxuan Liu, Yishen Zhang, Xiaotian647
Ren, Xiaojin Tang, and Xiaonan Wang. 2025. Catda:648
Corpus-aware automated text-to-graph catalyst dis-649
covery agent.650

Zhe Chen, Weiyun Wang, Yue Cao, Yangzhou Liu, 651
Zhangwei Gao, Erfei Cui, Jinguo Zhu, Shenglong 652
Ye, Hao Tian, Zhaoyang Liu, et al. Expanding perfor- 653
mance boundaries of open-source multimodal models 654
with model, data, and test-time scaling, 2025. URL 655
https://arxiv. org/abs/2412.05271. 656

Zhe Chen, Weiyun Wang, Hao Tian, Shenglong Ye, 657
Zhangwei Gao, Erfei Cui, Wenwen Tong, Kongzhi 658
Hu, Jiapeng Luo, Zheng Ma, et al. 2024. How far 659
are we to gpt-4v? closing the gap to commercial 660
multimodal models with open-source suites. Science 661
China Information Sciences, 67(12):220101. 662

Dimitrios Christofidellis, Giorgio Giannone, Jannis 663
Born, Ole Winther, Teodoro Laino, and Matteo Man- 664
ica. 2023. Unifying molecular and textual represen- 665
tations via multi-task language modelling. In Inter- 666
national Conference on Machine Learning, pages 667
6140–6157. PMLR. 668

John Dagdelen, Alexander Dunn, Sanghoon Lee, 669
Nicholas Walker, Andrew S Rosen, Gerbrand Ceder, 670
Kristin A Persson, and Anubhav Jain. 2024. Struc- 671
tured information extraction from scientific text with 672
large language models. Nature communications, 673
15(1):1418. 674

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and 675
Kristina Toutanova. 2019. Bert: Pre-training of deep 676
bidirectional transformers for language understand- 677
ing. In Proceedings of the 2019 conference of the 678
North American chapter of the association for com- 679
putational linguistics: human language technologies, 680
volume 1 (long and short papers), pages 4171–4186. 681

Mingliang Dou, Jijun Tang, Prayag Tiwari, Yijie Ding, 682
and Fei Guo. 2024. Drug–drug interaction relation 683
extraction based on deep learning: a review. ACM 684
Computing Surveys, 56(6):1–33. 685

Luis Espinosa-Anke and Horacio Saggion. 2014. Ap- 686
plying dependency relations to definition extraction. 687
In International Conference on Applications of Nat- 688
ural Language to Data Bases/Information Systems, 689
pages 63–74. Springer. 690

Luke PJ Gilligan, Matteo Cobelli, Valentin Taufour, and 691
Stefano Sanvito. 2023. A rule-free workflow for the 692
automated generation of databases from scientific 693
literature. npj Computational Materials, 9(1):222. 694

Cyril Goutte and Eric Gaussier. 2005. A probabilistic 695
interpretation of precision, recall and f-score, with 696
implication for evaluation. In European conference 697
on information retrieval, pages 345–359. Springer. 698

Tanishq Gupta, Mohd Zaki, NM Anoop Krishnan, and 699
Mausam. 2022. Matscibert: A materials domain 700
language model for text mining and information ex- 701
traction. npj Computational Materials, 8(1):102. 702

Monika Jain, Kuldeep Singh, and Raghava Mutharaju. 703
2023. Reonto: A neuro-symbolic approach for 704
biomedical relation extraction. In Joint European 705
Conference on Machine Learning and Knowledge 706
Discovery in Databases, pages 230–247. Springer. 707

9

https://openai.com/zh-Hans-CN/index/introducing-gpt-5/
https://openai.com/zh-Hans-CN/index/introducing-gpt-5/
https://openai.com/zh-Hans-CN/index/introducing-gpt-5/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient//intelligence/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient//intelligence/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient//intelligence/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient//intelligence/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient//intelligence/
https://api.semanticscholar.org/CorpusID:268232499
https://api.semanticscholar.org/CorpusID:268232499
https://api.semanticscholar.org/CorpusID:268232499


Jinhyuk Lee, Wonjin Yoon, Sungdong Kim, Donghyeon708
Kim, Sunkyu Kim, Chan Ho So, and Jaewoo Kang.709
2020. Biobert: a pre-trained biomedical language710
representation model for biomedical text mining.711
Bioinformatics, 36(4):1234–1240.712

Yang Li, Mengting Zhang, Zhixiong Zhang, and Ya-713
jiao Wang. 2024. Decoding the essence of scien-714
tific knowledge entity extraction: An innovative mrc715
framework with semantic contrastive learning and716
boundary perception. In Proceedings of the 24th717
ACM/IEEE Joint Conference on Digital Libraries,718
pages 1–12.719

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae720
Lee. 2023. Improved baselines with visual instruc-721
tion tuning.722

Nelson F Liu, Kevin Lin, John Hewitt, Ashwin Paran-723
jape, Michele Bevilacqua, Fabio Petroni, and Percy724
Liang. 2024. Lost in the middle: How language mod-725
els use long contexts. Transactions of the Association726
for Computational Linguistics, 12:157–173.727

Sijia Liu, Feichen Shen, Vipin Chaudhary, and Hong-728
fang Liu. 2017. Mayonlp at semeval 2017 task 10:729
Word embedding distance pattern for keyphrase clas-730
sification in scientific publications. In Proceedings731
of the 11th International Workshop on Semantic Eval-732
uation (SemEval-2017), pages 956–960.733

Xiong Liu, Greg L Hersch, Iya Khalil, and Murthy734
Devarakonda. 2021. Clinical trial information ex-735
traction with bert. In 2021 IEEE 9th International736
Conference on Healthcare Informatics (ICHI), pages737
505–506. IEEE.738

Micha Livne, Zulfat Miftahutdinov, Elena Tutubalina,739
Maksim Kuznetsov, Daniil Polykovskiy, Annika740
Brundyn, Aastha Jhunjhunwala, Anthony Costa,741
Alex Aliper, Alán Aspuru-Guzik, et al. 2024. nach0:742
multimodal natural and chemical languages founda-743
tion model. Chemical Science, 15(22):8380–8389.744

Zhang Liwei. 2022. Chinese technical terminology ex-745
traction based on dc-value and information entropy.746
Scientific Reports, 12(1):20044.747

Ivan Lopez, Akshay Swaminathan, Karthik Vedula,748
Sanjana Narayanan, Fateme Nateghi Haredasht,749
Stephen P Ma, April S Liang, Steven Tate, Manoj750
Maddali, Robert Joseph Gallo, et al. 2025. Clinical751
entity augmented retrieval for clinical information752
extraction. npj Digital Medicine, 8(1):45.753

Haoyu Lu, Wen Liu, Bo Zhang, Bingxuan Wang, Kai754
Dong, Bo Liu, Jingxiang Sun, Tongzheng Ren, Zhu-755
oshu Li, Hao Yang, et al. 2024. Deepseek-vl: towards756
real-world vision-language understanding. arXiv757
preprint arXiv:2403.05525.758

Sam Ade Jacobs et.al Marah Abdin. 2024. Phi-3 techni-759
cal report: A highly capable language model locally760
on your phone.761

Martín Pérez-Pérez, Tânia Ferreira, Gilberto Igrejas, 762
and Florentino Fdez-Riverola. 2022. A deep learning 763
relation extraction approach to support a biomedi- 764
cal semi-automatic curation task: the case of the 765
gluten bibliome. Expert Systems with Applications, 766
195:116616. 767

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine 768
Lee, Sharan Narang, Michael Matena, Yanqi Zhou, 769
Wei Li, and Peter J Liu. 2020. Exploring the lim- 770
its of transfer learning with a unified text-to-text 771
transformer. Journal of machine learning research, 772
21(140):1–67. 773

Mara Schilling-Wilhelmi, Martiño Ríos-García, Sher- 774
jeel Shabih, María Victoria Gil, Santiago Miret, 775
Christoph T Koch, José A Márquez, and Kevin Maik 776
Jablonka. 2025. From text to insight: large language 777
models for chemical data extraction. Chemical Soci- 778
ety Reviews. 779

Pranav Shetty, Arunkumar Chitteth Rajan, Chris Kuen- 780
neth, Sonakshi Gupta, Lakshmi Prerana Panchumarti, 781
Lauren Holm, Chao Zhang, and Rampi Ramprasad. 782
2023. A general-purpose material property data ex- 783
traction pipeline from large polymer corpora using 784
natural language processing. npj Computational Ma- 785
terials, 9(1):52. 786

Manmohan Singh and Derek O’Hagan. 1999. Ad- 787
vances in vaccine adjuvants. Nature biotechnology, 788
17(11):1075–1081. 789

Angelika Storrer and Sandra Wellinghoff. 2006. Auto- 790
mated detection and annotation of term definitions in 791
german text corpora. In LREC, pages 2373–2376. 792

Yuqi Sun, Weimin Tan, Zhuoyao Gu, Ruian He, Siyuan 793
Chen, Miao Pang, and Bo Yan. 2025. A data-efficient 794
strategy for building high-performing medical foun- 795
dation models. Nature Biomedical Engineering, 796
pages 1–13. 797

Matthew C Swain and Jacqueline M Cole. 2016. Chem- 798
dataextractor: a toolkit for automated extraction 799
of chemical information from the scientific litera- 800
ture. Journal of chemical information and modeling, 801
56(10):1894–1904. 802

Gemini Team, Petko Georgiev, Ving Ian Lei, Ryan 803
Burnell, Libin Bai, Anmol Gulati, Garrett Tanzer, 804
Damien Vincent, Zhufeng Pan, Shibo Wang, et al. 805
2024. Gemini 1.5: Unlocking multimodal under- 806
standing across millions of tokens of context. arXiv 807
preprint arXiv:2403.05530. 808

Dan Tian, Mingchao Li, Yang Shen, and Shuai Han. 809
2023. Intelligent mining of safety hazard informa- 810
tion from construction documents using semantic 811
similarity and information entropy. Engineering Ap- 812
plications of Artificial Intelligence, 119:105742. 813

Peng Wang, Shuai Bai, Sinan Tan, Shijie Wang, Zhi- 814
hao Fan, Jinze Bai, Keqin Chen, Xuejing Liu, Jialin 815
Wang, Wenbin Ge, Yang Fan, Kai Dang, Mengfei 816
Du, Xuancheng Ren, Rui Men, Dayiheng Liu, Chang 817

10

http://arxiv.org/abs/2404.14219
http://arxiv.org/abs/2404.14219
http://arxiv.org/abs/2404.14219
http://arxiv.org/abs/2404.14219
http://arxiv.org/abs/2404.14219


Zhou, Jingren Zhou, and Junyang Lin. 2024. Qwen2-818
vl: Enhancing vision-language model’s perception of819
the world at any resolution.820

Yidan Wang and Jiayin Wang. 2025. Bioworkflow:821
Retrieving comprehensive bioinformatics workflows822
from publications. Briefings in Bioinformatics,823
26(6):bbaf571.824

Rui Zhang, Jiawang Zhang, Qiaochuan Chen, Bing825
Wang, Yi Liu, Quan Qian, Deng Pan, Jinhua Xia,826
Yinggang Wang, and Yuexing Han. 2023. A827
literature-mining method of integrating text and table828
extraction for materials science publications. Com-829
putational Materials Science, 230:112441.830

Wei Zhang, Qinggong Wang, Xiangtai Kong, Jiacheng831
Xiong, Shengkun Ni, Duanhua Cao, Buying Niu,832
Mingan Chen, Yameng Li, Runze Zhang, et al. 2024.833
Fine-tuning large language models for chemical text834
mining. Chemical science, 15(27):10600–10611.835

Zhiling Zheng, Oufan Zhang, Christian Borgs, Jen-836
nifer T Chayes, and Omar M Yaghi. 2023. Chatgpt837
chemistry assistant for text mining and the prediction838
of mof synthesis. Journal of the American Chemical839
Society, 145(32):18048–18062.840

Yangqiaoyu Zhou, Haokun Liu, Tejes Srivastava,841
Hongyuan Mei, and Chenhao Tan. 2024. Hypoth-842
esis generation with large language models. arXiv843
preprint arXiv:2404.04326.844

11

http://arxiv.org/abs/2409.12191
http://arxiv.org/abs/2409.12191
http://arxiv.org/abs/2409.12191
http://arxiv.org/abs/2409.12191
http://arxiv.org/abs/2409.12191


Appendix845

A More Details of Stage I846

Stage I serves as the "probing and scheduling"847

phase of SudokuFill, aimed at identifying high-848

confidence signals and establishing an optimal ex-849

ecution order to minimize information loss. This850

appendix details the semantic normalization, the851

confidence calibration rubric, and the ranking logic.852

A.1 Field-to-Query Instantiation853

To standardize extraction targets across heteroge-854

neous agents and enable cross-query reuse, we con-855

vert each schema field f ∈ F into a field-grounded856

query unit q = ⟨f, ϕ(f)⟩. Here ϕ(f) is a templated857

semantic specification that defines what to extract,858

the expected value format, optional normalization859

rules, and a strict evidence requirement with verifi-860

able localization. All StageI agents are constrained861

to output a unified triple (V,C,E), where V is the862

proposed value, C ∈ [0, 1] is the agent’s internal863

confidence estimate, and E records evidence local-864

ization. Crucially, ϕ(f) also includes a reusable865

context slot that accommodates resolved query re-866

sults from earlier rounds: once anchor fields are pri-867

oritized and converged into the global filling state,868

their confirmed outputs are re-injected into subse-869

quent queries in the same query-normalized form,870

so later extraction is conditioned on standardized871

constraints rather than ad-hoc textual concatenation.872

This query abstraction makes field semantics ex-873

plicit to the agents and enables stable cross-round874

and cross-query information flow, shrinking the875

search space and reducing ambiguity for down-876

stream fields. In our benchmark, we instantiate ten877

core fields into queries following the same template:878

Adjuvant_Name, Category, Sub_type, Composition,879

Morphology, Particle_Size, Particle_Structure, Tar-880

get, Target_Cell, and Combination_mode. Full881

prompt instances for ϕ(f) are provided in Table 3.882

A.2 Confidence Calibration Rubric883

Each page agent outputs an internal confidence884

score C ∈ [0, 1] together with (V,E). We empha-885

size that confidence is not calibrated across het-886

erogeneous agents and is therefore not used as an887

absolute, cross-agent comparable quantity; instead,888

StageI uses C only as a within-agent reliability889

signal to (i) compute query-level summaries for890

scheduling and (ii) define whether a page provides891

an effective response for participation statistics. To892

make C interpretable and consistent across queries,893

we adopt a rubric aligned with evidence strength 894

and verifiability (details in Table 4.). High con- 895

fidence is reserved for cases where the proposed 896

value is explicitly stated and uniquely supported 897

by a localized snippet (e.g., a table cell, a clear 898

sentence, or an unambiguous caption). Medium 899

confidence corresponds to grounded but slightly 900

under-specified cases that require light normaliza- 901

tion or minor aggregation, while low confidence 902

reflects weak or indirect cues that are not suffi- 903

ciently reliable for scheduling decisions. Follow- 904

ing this rubric, we define an effective participation 905

by C > 0.5 when computing Part(q), which fil- 906

ters noisy responses triggered by weak matches 907

and better reflects whether a query exhibits concen- 908

trated, actionable signals across pages. We provide 909

an empirical threshold sweep and the rationale for 910

choosing 0.5 in Section 5.2. 911

A.3 Rank Agent: Multi-Factor Priority 912

Scheduling 913

Stage I constructs a page–query matrixM where 914

each entry M[p, q] = (Vp,q, Cp,q, Ep,q) records 915

a page agent’s candidate for query q on page 916

p. The rank agent AR takes M as its sole run- 917

time input; all additional signals are derived sum- 918

maries provided in the prompt to improve deci- 919

sion transparency. Concretely, for each query 920

q, we compute MaxConf(q) = maxpCp,q as a 921

proxy for the strongest identifiable signal within 922

the document, and Part(q) = |{p | Cp,q > 0.5}| 923

as a proxy for signal concentration and robust- 924

ness across pages. In addition, the prompt pro- 925

vides a schema-implied dependency specification 926

FIELDDEPENDENCY(Q), which encodes prece- 927

dence constraints among fields so that anchor fields 928

that are likely to constrain others can be scheduled 929

earlier. The rank agent outputs a prioritized query 930

sequence π by jointly considering these factors, 931

with MaxConf(q) as the primary signal, Part(q) 932

as a stability cue, and FIELDDEPENDENCY(Q) as 933

a soft constraint to encourage an easy-to-hard exe- 934

cution order that maximizes downstream reuse. 935

A.4 System Prompts for Stage I 936

A.4.1 Page Agent Probing Prompt 937

The page agent prompt instructs the model to (i) 938

scan only the assigned page for a given query 939

q, (ii) propose a candidate value Vp,q only when 940

grounded evidence is present, (iii) report an in- 941

ternal confidence score Cp,q according to the 942
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Field f Query input: definition + resolved context

Adjuvant_Name Field definition: the name(s) of vaccine adjuvant(s) studied in the paper. Resolved context: G(t) (previously
converged fields, if any). Output: (V,C,E) with verifiable localization.

Category Field definition: the adjuvant category explicitly supported by evidence {e.g., particle, emulsion,
molecular, inorganic_salt, other, composite, NA}, where NA indicates the paper provides no sufficient
clue to decide. Resolved context: G(t). Output: (V,C,E) with verifiable localization.

Sub_type Field definition: if Category is particle or molecular, further classify it using the corresponding subtype
set: particle subtype ∈ {e.g., polymer, liposome, vesicle, inorganic_particle, protein_particle, other, NA},
molecular subtype ∈ {e.g., immune_receptor_agonist, cytokine, antibody, protein, other, NA}; otherwise
output NA. Resolved context: G(t). Output: (V,C,E) with verifiable localization.

Composition Field definition: merging all formulation descriptions (e.g., particle/emulsion/inorganic/other/composite)
into a unified component list grounded in the paper. Resolved context: G(t). Output: (V,C,E) with
verifiable localization.

Morphology Field definition: extract the final presented morphology/form explicitly stated (e.g., hydrogel, microneedle,
solution, etc.); otherwise output NA. Resolved context: G(t). Output: (V,C,E) with verifiable localization.

Particle_Size Field definition: particle size description (prefer numeric value + unit when available) Resolved context:
G(t). Output: (V,C,E) with verifiable localization.

Particle_Structure Field definition: structural descriptors (e.g., core–shell, porous, multilamellar) if explicitly evidenced;
otherwise output NA. Resolved context: G(t). Output: (V,C,E) with verifiable localization.

Target Field definition: for Category=molecular, the immune target/pathway explicitly stated; otherwise output
NA. Resolved context: G(t). Output: (V,C,E) with verifiable localization.

Target_Cell Field definition: for Category=molecular, the target cell type(s) explicitly mentioned; otherwise output
NA. Resolved context: G(t). Output: (V,C,E) with verifiable localization.

Combination_mode Field definition: for Category=composite, the combination mode chosen from {loading, chemi-
cal_conjugation, linker_conjugation, mixing, fusion_expression, other, NA}; otherwise output NA. Resolved
context: G(t). Output: (V,C,E) with verifiable localization.

Table 3: A field-to-query interface. Each agent receives the field definition and the resolved filling context G(t) from
previously converged queries, and outputs (V,C,E) with verifiable evidence localization.

rubric in Appendix A.2, and (iv) return verifi-943

able evidence localization Ep,q to support auditing.944

The output is constrained to the structured triple945

(Vp,q, Cp,q, Ep,q), which is used to populateM and946

to warm-start Stage II.947
948

## Stage I: Page Agent Probing Prompt ##949
# Note: This prompt is used for the one-pass950

page-level probing in Stage I.951
# The Page Agent only sees ONE page at a time,952

and must output (V, C, E) for a given953
field-grounded query.954

955
page_agent_probing_prompt_template = "You are956

a Page Agent for document-level scientific957
information extraction."958

"## Your role"959
"- You will be given: (1) one page p from a960

scientific PDF (including text, tables,961
and figures on that page), (2) a target962
field f with its field definition, and (3)963
the resolved filling context G^(t) from964
previously converged queries (may be empty965
)."966

"- Your job is to probe ONLY this page and967
decide whether it contains evidence for968
the target field."969

"- You must be faithful to the page evidence.970
Do NOT guess."971

"## Target query"972
"Field: {field_name}"973
"Field definition: {field_definition}"974
"## Resolved context (may help disambiguation)975

"976
"{resolved_context}"977
"## Evidence scope"978

"- Use ONLY evidence on this page." 979
"- Evidence can be from: (a) a text span, (b) 980

a specific table cell with row/column 981
header, (c) a figure region or caption." 982

"- If evidence is not on this page, output V = 983
N/A and C = 0.0." 984

"## Confidence rubric (discrete levels)" 985
"- Use C in {0.0, 0.1, 0.3, 0.5, 0.7, 0.9, 986

1.0}." 987
"- 0.0: no response / not applicable on this 988

page." 989
"- 0.1: weak cue only, cannot support a 990

concrete candidate." 991
"- 0.3: ambiguous candidate, requires 992

substantial inference." 993
"- 0.5: minimally grounded with verifiable 994

localization (participation boundary)." 995
"- 0.7: explicit but needs disambiguation." 996
"- 0.9: explicit, unique, and well-supported 997

on-page." 998
"- 1.0: decisive evidence (definitive 999

statement or exact table cell with headers 1000
)." 1001

"## Output requirements" 1002
"- Output a single JSON object with exactly 1003

three keys: V, C, E." 1004
"- V: the proposed value (or N/A)." 1005
"- C: confidence score in the allowed set." 1006
"- E: verifiable localization. Must include 1007

page_id = {page_id}. Also include one of:" 1008
" * text_span: an exact quote (short) OR 1009

start/end character offsets if available;" 1010
" * table_ref: table_id + row header + column 1011

header + cell content;" 1012
" * figure_ref: figure_id + caption snippet." 1013
"- Keep E concise but checkable." 1014
"## Page content" 1015
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C Confidence calibration rubric (discrete levels)

0.0 No response / not applicable. The query is irrelevant
to this page or no candidate can be proposed; output
N/A and note “no mention on this page” in E.

0.1 Weak cue only. Some related terms appear but the
target value is not stated; evidence cannot support a
concrete candidate (avoid proposing a value).

0.3 Ambiguous candidate. A citable location suggests
a plausible candidate, but the mention is implicit or
non-unique and requires substantial inference; keep
below participation threshold.

0.5 Minimally grounded (participation boundary). A
plausible candidate is supported by verifiable localiza-
tion, but it may be incomplete, non-unique, or require
light normalization; evidence exists but is not decisive.

0.7 Explicit but needs disambiguation. The value is ex-
plicitly stated with verifiable evidence, yet multiple
candidates are present or selection depends on addi-
tional context (other pages or resolved fields).

0.9 Explicit, unique, and well-supported. The value is
clearly and uniquely supported on this page, typically
corroborated by multiple cues (e.g., table + caption,
repeated mentions), with little room for alternatives.

1.0 Decisive evidence. The value is unambiguous,
uniquely specified in a definitive form (e.g., exact table
cell with headers or a clear statement) and fully con-
sistent with all available cues.

Table 4: Confidence calibration rubric for Stage I
Page Agents. C ∈ [0, 1] is an internal reliability esti-
mate aligned with evidence verifiability and value de-
terminacy. We count effective participation as C > 0.5
when computing Part(q).

"{page_content}"1016
"Now output the JSON object."10171018

A.4.2 Rank Agent Scheduling Prompt1019

The rank agent prompt consumes the serial-1020

ized page–query matrixM and receives prompt-1021

only summaries including {MaxConf(q)}q∈Q,1022

{Part(q)}q∈Q, and FIELDDEPENDENCY(Q). It is1023

instructed to output a total order π over queries, op-1024

tionally accompanied by brief rationales that refer-1025

ence these signals. This prompt ensures that Stage1026

I produces a deterministic, reproducible scheduling1027

policy while keeping the only runtime evidence1028

source as the page-level probing outcomes inM.1029
1030

## Stage I: Rank Agent Scheduling Prompt ##1031
# Note: This prompt is used by the Rank Agent1032

to produce an "easy-to-hard" query1033
execution order pi.1034

# The Rank Agent receives the full page-query1035
matrix M (all (V, C, E) entries). Other1036
signals are optional guidance.1037

1038
rank_agent_scheduling_prompt_template = "You1039

are a Rank Agent that schedules field-1040
grounded queries for a document-level1041
extraction system."1042

"## Your input"1043
"- A page-query matrix M that stores outputs (1044

V_{p,q}, C_{p,q}, E_{p,q}) for each page p 1045
and query q." 1046

"- Each query q corresponds to a schema field 1047
f with its field definition." 1048

"- You may be given lightweight field 1049
dependency hints (optional)." 1050

"## Your goal" 1051
"- Output a prioritized query sequence pi for 1052

Stage II." 1053
"- The goal is to provide a stable starting 1054

point and reduce cascading errors by 1055
handling easier, better-grounded queries 1056
earlier and leaving ambiguous queries 1057
later." 1058

"- You must NOT modify any (V, C, E). You only 1059
schedule." 1060

"## How to reason (adaptive, not hard-coded)" 1061
"- You may compute any summary statistics from 1062

M that help scheduling, for example:" 1063
" * MaxConf(q): the maximum confidence across 1064

pages for query q." 1065
" * Part(q): the number of pages with C_{p,q} 1066

> 0.5 for query q." 1067
"- Interpret these signals cautiously: higher 1068

MaxConf often indicates stronger evidence; 1069
Part reflects how concentrated or 1070
dispersed the signal is; dependencies 1071
indicate which fields can constrain others 1072
." 1073

"- There is no fixed rule for how to combine 1074
these signals. Instead, adaptively balance 1075
them based on the observed evidence 1076
patterns in M." 1077

"- If dependencies conflict with raw evidence 1078
strength, you may reorder, but you must 1079
explain why." 1080

"## Output format" 1081
"- Output a JSON object with two keys:" 1082
" * pi: an ordered list of query ids (or 1083

field names) representing the execution 1084
order." 1085

" * rationale: a short explanation (4-8 1086
sentences) that justifies the ordering 1087
strategy, referencing evidence patterns in 1088
M (and dependency hints if used)." 1089

"## Provided data" 1090
"Queries: {query_list}" 1091
"Dependency hints (optional): { 1092

field_dependency}" 1093
"Page-query matrix summary (may be truncated): 1094

{matrix_summary}" 1095
"Now output the JSON object." 10961097

A.5 Stage I Algorithm Pseudocode 1098

Finally, we present the Phase 1 process in pseu- 1099

docode below. 1100

B More Details of Stage II 1101

Multi-agent deliberation can over-commit to an 1102

early majority when evidence is sparse or unevenly 1103

distributed across pages, so that minority but criti- 1104

cal objections are not sufficiently surfaced and ver- 1105

ified. To improve robustness, the coordinator AC 1106

does not follow a fixed turn-taking routine. Instead, 1107
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Algorithm 1 Stage I: Field Priority Scheduling

Require: Document D, schema fields F , Page
Agents AP , Round Controller AR

1: Q ← { q = ⟨f, ϕ(f)⟩ | f ∈ F } ▷
Field-to-query instantiation

2: for all p ∈ PAGES(D) in parallel do
3: for all q ∈ Q do
4: (Vp,q, Cp,q, Ep,q)← AP (p, q) ▷

MLLM-based agents for page probing
5: M[p, q]← (Vp,q, Cp,q, Ep,q)
6: end for
7: end for
8: for all q ∈ Q do
9: MaxConf(q)← maxpCp,q

10: Part(q)← |{p | Cp,q > 0.5}|
11: end for
12: P ←

(
{MaxConf(q)}q∈Q, {Part(q)}q∈Q,

FIELDDEPENDECY(Q)
)

▷ Prompt-only
signals; template in Appendix

13: π ← AR

(
M ; P

)
14: C0 ← {(q, Vp,q, Cp,q, Ep,q) | q ∈ Q, p ∈

PAGES(D)} ▷ Warm-start candidates
15: return π, C0

it maintains an explicit round history H(t)(q) and1108

adaptively selects among three deliberation modes1109

conditioned on this history. Concretely, H(t)(q)1110

compactly records the current leading candidate,1111

the main supporting and opposing evidence point-1112

ers, which objections remain unresolved, and each1113

agent’s within-agent confidence revisions across1114

rounds. This makes the debate explicitly state-1115

ful and prevents later rounds from restarting from1116

scratch.1117

Round-level execution (one round in detail).1118

At round t for query q, the coordinator first as-1119

sembles a shared round context that includes: the1120

query specification q = ⟨f, ϕ(f)⟩; the current1121

candidate pool C(t)(q) (deduplicated values with1122

accumulated evidence pointers); and a compact1123

snapshot H(t−1)(q) (the previous leading candi-1124

date and open objections). The round then fol-1125

lows a stable three-phase routine. In Phase 1 (po-1126

sition statement), all agents independently publish1127

their current stance with evidence: each page agent1128

outputs a possibly revised (V,C,E) grounded on1129

its assigned page, while each row-/column-view1130

constraint agent outputs (V sup, C,E) where V sup1131

must be selected from existing candidates and E1132

cites retrieved constraints or cross-field consistency 1133

checks from the current global filling state G. In 1134

Phase 2 (open rebuttal), agents directly respond to 1135

others by challenging evidence alignment (wrong 1136

entity, wrong condition, wrong table row/column), 1137

defending a candidate with additional on-page evi- 1138

dence, or revising their stance when an objection 1139

holds. In Phase 3 (consolidation), the coordina- 1140

tor merges equivalent values, attaches newly sur- 1141

faced evidence to the corresponding candidate en- 1142

try, records per-candidate support and opposition, 1143

and updates H(t)(q) with what changed in this 1144

round (which objections were answered, which 1145

remain open, and how each agent revised its own 1146

confidence relative to its previous stance). Finally, 1147

AC decides the mode for the next round based on 1148

the updated history and evidence distribution. 1149

Regular debate (default). Regular debate is 1150

used by default to aggregate multimodal evidence 1151

across pages and refine candidates through repeated 1152

cross-checking between page agents and constraint 1153

agents. In this mode, all agents participate symmet- 1154

rically under the above three-phase routine. Page 1155

agents are encouraged to (i) introduce candidates 1156

only when they can provide verifiable localization, 1157

(ii) correct earlier misreads (unit mismatch, time- 1158

point mismatch, entity mismatch), and (iii) explic- 1159

itly update their confidence to reflect whether new 1160

rebuttals strengthened or weakened their stance. 1161

Constraint agents act as structured “critics” that 1162

stress-test candidates against G: they may endorse a 1163

candidate when it matches canonical patterns or co- 1164

occurrence regularities, or challenge it when it vio- 1165

lates field dependencies or record-level consistency 1166

implied by previously converged fields. A regu- 1167

lar round typically reduces ambiguity by convert- 1168

ing free-form disagreement into checkable disputes 1169

about evidence alignment, and by shrinking the can- 1170

didate pool to a small set of well-supported alterna- 1171

tives with explicit unresolved objections recorded 1172

in H(t)(q). 1173

Anti-bias debate. Anti-bias debate is designed to 1174

mitigate the “echo chamber” failure mode in which 1175

a dominant early proposal is repeatedly reinforced 1176

while a minority but evidence-backed objection is 1177

not examined to the same standard. The coordina- 1178

tor activates this mode when the history indicates 1179

warning patterns such as: rapid group alignment in 1180

very few rounds without substantive examination of 1181

alternatives, and/or a persistent, evidence-backed 1182
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objection that remains unaddressed while other1183

agents continue to repeat endorsements. An anti-1184

bias round keeps the same interfaces but changes1185

the speaking priority and the tasks. First, the coor-1186

dinator explicitly grants the “microphone” to the1187

minority agents and requests a checkable objection:1188

what exact evidence contradicts the current domi-1189

nant value, and which alternative value (selected1190

from the existing pool) the objection supports. Sec-1191

ond, the coordinator converts this objection into an1192

explicit verification task for the previously support-1193

ing agents, asking them to re-check their own pages1194

or constraints specifically for (i) counter-evidence1195

that refutes the objection, (ii) missing qualifiers1196

that reconcile the disagreement, or (iii) overlooked1197

evidence that supports the alternative. Third, the1198

coordinator forces a focused response in H(t)(q):1199

supporters must state whether and why they keep or1200

revise their stance, and objectors must state whether1201

the responses resolve the concern. The mode exits1202

once the objection has been explicitly answered1203

(e.g., the objector’s confidence drops or the ob-1204

jection is shown inapplicable); otherwise, if the1205

objection is validated, the dominant candidate is1206

weakened and the system returns to regular debate1207

with an updated candidate landscape rather than1208

continuing to reinforce the old majority.1209

Re-thinking. Re-thinking addresses the one-off1210

signal risk: when the leading candidate is sup-1211

ported by only a single page source or effectively1212

by a single agent, the decision becomes vulnera-1213

ble to spurious matches and local hallucinations.1214

The coordinator triggers re-thinking when the lead-1215

ing evidence is narrowly concentrated (e.g., only1216

one page yields C > 0.5 or only one agent con-1217

sistently produces the candidate with non-trivial1218

confidence). In a re-thinking round, the coordina-1219

tor treats the current leading value as a hypothesis1220

and actively queries previously non-participating or1221

low-confidence page agents with a targeted follow-1222

up: under this hypothesis, search your assigned1223

page for corroboration, contradiction, or an alter-1224

native mention, and return verifiable localization if1225

found. The coordinator then updates the candidate1226

pool and history based on outcomes: if corrobora-1227

tion emerges from multiple pages, the hypothesis is1228

promoted with aggregated multi-page evidence; if a1229

strong contradiction emerges, the system returns to1230

regular debate to re-evaluate competing candidates1231

under the new evidence; if all queried agents report1232

no signal, the coordinator keeps the hypothesis as1233

the best available single-source answer but records 1234

this limitation explicitly in H(t)(q) and maintains 1235

an appropriately conservative confidence. 1236

Convergence criteria. Because confidence 1237

scores are not directly comparable across heteroge- 1238

neous agents, AC judges convergence by temporal 1239

trends rather than absolute confidence values. 1240

Specifically, it monitors (i) whether the leading 1241

candidate remains unchanged across successive 1242

rounds, (ii) whether each agent’s within-agent 1243

confidence updates become progressively smaller 1244

(from large revisions to minor adjustments), 1245

and (iii) whether any evidence-backed objection 1246

remains unresolved in H(t)(q). Intuitively, this 1247

produces an “annealing-style” stabilization: 1248

early rounds allow large confidence and stance 1249

revisions to encourage exploration and correction, 1250

while later rounds naturally transition to small 1251

refinements once evidence has been exhausted. 1252

The coordinator declares convergence when the 1253

leading candidate is stable for multiple rounds, 1254

most agents only make marginal within-agent 1255

confidence updates, and no unresolved strong 1256

objection persists. Upon convergence, AC outputs 1257

the final value V with an aggregated evidence 1258

set E (spans/cells/captions across pages when 1259

available), and writes (q, V,E) back into the 1260

global filling state G so that subsequent queries 1261

can reuse the resolved field as standardized context 1262

and constraint. 1263

B.1 System Prompts for Stage II 1264

B.1.1 Page Agent Prompt 1265

1266
## Stage II: Page Agent Prompt ## 1267

1268
page_agent_prompt_template = """You are a Page 1269

Agent in a multi-agent deliberation 1270
system for document-level scientific 1271
information extraction. 1272

You are assigned a specific page p (rendered 1273
as multimodal content: text, tables, and 1274
figures). 1275

Your task is to help resolve the current query 1276
q by proposing or revising a candidate 1277
value using ONLY verifiable evidence on 1278
this page. 1279

1280
Inputs you will receive: 1281
1) Query q = <field f, specification (f)>. 1282
2) Current candidate pool C_pool: a list of 1283

candidates proposed so far for this query 1284
(each with short evidence pointers). 1285

3) History snapshot H_prev: brief summary of 1286
the previous round (leading candidate and 1287
open objections). 1288

4) (Optional) Hypothesis value V_hyp (only in 1289
re-thinking mode): treat it as a 1290
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hypothesis and search for support/1291
contradiction on your page.1292

1293
Rules:1294
- You must ground your response on this page1295

only. Do not use outside knowledge.1296
- If you propose a value, it should be1297

consistent with the field specification (f1298
) (format, units, allowed labels).1299

- If you cannot find a reliable signal on this1300
page, return V = NA with low confidence1301
and explain why.1302

- You may revise your previous stance if you1303
find new evidence or realize a mismatch (1304
entity, condition, unit, table row/column)1305
.1306

- Evidence E must be verifiable and localized.1307
1308

Output format (strict JSON):1309
{1310

"agent_role": "page",1311
"page_id": "<p>",1312
"value": "<V or NA>",1313
"confidence": <C in [0,1]>,1314
"evidence": {1315

"page_id": "<p>",1316
"evidence_type": "text|table|figure",1317
"location": "brief pointer (e.g.,1318
paragraph index / table id + row/col /1319
figure id + caption)",1320
"quote_or_summary": "short excerpt or1321
faithful summary (no long copying)"1322

},1323
"stance": "support|oppose|abstain",1324
"notes": "if you revise, state what changed1325

and why (e.g., unit mismatch corrected)."1326
}1327

1328
Now produce your output for the current query.1329
"""13301331

B.1.2 Constraint Row Agent Prompt1332

1333
## Stage II: Constraint Row Agent Prompt ##1334

1335
row_agent_prompt_template = """You are the Row1336

-View Constraint Agent in a multi-agent1337
deliberation system.1338

Your job is NOT to propose new values. You1339
only evaluate and comment on candidates1340
already proposed by Page Agents.1341

1342
Inputs you will receive:1343
1) Query q = <field f, specification (f)>.1344
2) Current candidate pool C_pool: candidates1345

for this query with evidence pointers.1346
3) Global Filling State G: a searchable state1347

containing previously converged records1348
and fields (within and across documents).1349

4) History snapshot H_prev: brief summary of1350
the previous round.1351

1352
Your objective:1353
- Retrieve row-level regularities and1354

constraints from G that are relevant to1355
the current query.1356

- For each relevant candidate in C_pool,1357
decide whether it is supported or1358
challenged by row-level consistency and1359

typical co-occurrence patterns. 1360
- Select ONE candidate value V_sup from C_pool 1361

that you most strongly support or 1362
challenge, and justify with evidence. 1363

1364
Rules: 1365
- Do NOT invent new candidate values. V_sup 1366

must be chosen from C_pool. 1367
- Use G only as referential guidance (patterns, 1368

consistency checks), not as ground truth. 1369
- Provide verifiable evidence pointers: cite 1370

what you retrieved from G (record ids / 1371
field names / matched patterns). 1372

- If G provides no useful signal, return V_sup 1373
= "no_preference" with low confidence. 1374

1375
Output format (strict JSON): 1376
{ 1377

"agent_role": "constraint_row", 1378
"supported_value": "<V_sup from C_pool OR 1379

no_preference>", 1380
"confidence": <C in [0,1]>, 1381
"evidence": { 1382

"source": "global_state", 1383
"retrieval_pointer": "what you retrieved ( 1384
record ids / fields / pattern summary)", 1385
"constraint_type": "row_consistency| 1386
cooccurrence|canonical_pattern|exception", 1387
"summary": "why this supports or 1388
challenges V_sup" 1389

}, 1390
"stance": "support|oppose|abstain", 1391
"notes": "state the key row-level constraint 1392

you used, and any caveat." 1393
} 1394

1395
Now produce your output. 1396
""" 13971398

B.1.3 Constraint Column Agent Prompt 1399

1400
## Stage II: Constraint Column Agent Prompt ## 1401

1402
col_agent_prompt_template ="""You are the 1403

Column-View Constraint Agent in a multi- 1404
agent deliberation system. 1405

You do NOT propose new values. You only 1406
evaluate candidates proposed by Page 1407
Agents. 1408

1409
Inputs: 1410
1) Query q = <field f, specification (f)>. 1411
2) Current candidate pool C_pool for this 1412

query. 1413
3) Global Filling State G: previously 1414

converged fields/records (within and 1415
across documents). 1416

4) History snapshot H_prev. 1417
1418

Objective: 1419
- Retrieve column-level priors: canonical 1420

value forms, alias normalization hints, 1421
typical units/ranges (if numeric), and 1422
schema-consistent label sets. 1423

- Check candidates in C_pool for format 1424
validity, alias consistency, and 1425
compatibility with already resolved fields 1426
in the current document context. 1427
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- Select ONE candidate value V_sup from C_pool1428
that you most strongly support or1429
challenge, and justify with retrieved1430
signals.1431

1432
Rules:1433
- V_sup must be chosen from C_pool (no new1434

values).1435
- Treat G as referential, not absolute truth.1436
- If no useful signal exists, return V_sup="1437

no_preference" with low confidence.1438
1439

Output (strict JSON):1440
{1441

"agent_role": "constraint_col",1442
"supported_value": "<V_sup from C_pool OR1443

no_preference>",1444
"confidence": <C in [0,1]>,1445
"evidence": {1446

"source": "global_state",1447
"retrieval_pointer": "retrieved canonical1448
forms / aliases / unit or label1449
constraints",1450
"constraint_type": "format|alias|1451
unit_range|label_set|dependency_check",1452
"summary": "why this supports or1453
challenges V_sup"1454

},1455
"stance": "support|oppose|abstain",1456
"notes": "state normalization/constraint1457

check and any exception case."1458
}1459

1460
Now produce your output.1461
"""14621463

B.1.4 Coordinator Prompt1464

1465
## Stage II: Coordinator Prompt ##1466

1467
coordinator_agent_prompt_template ="""You are1468

the Coordinator Agent (A_C) for multi-1469
agent deliberation.1470

You must NOT introduce new values by yourself.1471
Your role is to orchestrate rounds,1472
consolidate evidence, and decide whether1473
to continue or stop.1474

1475
Inputs you will receive at round t for query q1476

:1477
- Query q = <field f, specification (f)>.1478
- Candidate pool C_pool^(t): list of candidate1479

values with aggregated evidence pointers1480
and current support/opposition notes.1481

- Agent messages from this round: Page Agents1482
output (V,C,E); Constraint Agents output (1483
V_sup,C,E).1484

- History memory H_prev = H^(t-1)(q): leading1485
candidate and unresolved objections.1486

- Global filling state G (read-only during1487
this query; write only after convergence).1488

- A mode hint may be present: regular / anti-1489
bias / re-thinking (you may override).1490

1491
Your responsibilities:1492
1) Update the candidate pool:1493

- Merge equivalent values (string/alias-1494
level merge).1495

- Attach new evidence to the corresponding 1496
candidate entry. 1497

- Track which agents support/oppose each 1498
candidate. 1499

2) Update the round history H^(t)(q): 1500
- Record the new leading candidate and why 1501
(evidence-based). 1502

- Record unresolved objections and what 1503
evidence is missing to resolve them. 1504

- Record within-agent confidence changes ( 1505
only compare each agent to itself across 1506
rounds). 1507

3) Choose the next deliberation mode: 1508
- Regular debate by default. 1509
- Anti-bias if you detect early dominance 1510
plus persistent evidence-backed minority 1511
objection that is not answered. 1512

- Re-thinking if the current leading 1513
candidate relies on a single page source 1514
or a single agent. 1515

4) Decide stop/continue: 1516
- Do NOT use absolute confidence 1517
comparisons across different agent types. 1518

- Declare convergence when the leading 1519
candidate stays unchanged across multiple 1520
rounds AND most agents only make marginal 1521
within-agent confidence updates AND no 1522
unresolved strong objection remains. 1523

1524
Output (strict JSON): 1525
{ 1526

"query_id": "<q>", 1527
"mode_next": "regular|anti_bias|re_thinking| 1528

stop", 1529
"leading_value": "<V*>", 1530
"supporting_evidence": ["<evidence pointers 1531

aggregated>"], 1532
"open_objections": ["<objection summaries or 1533

empty>"], 1534
"candidate_pool_updated": [ 1535

{"value":"...", "supporters":[...], " 1536
opposers":[...], "evidence":[...]} 1537

], 1538
"history_update": "compact H^(t)(q) summary", 1539

1540
"converged": true|false, 1541
"final_output_if_converged": { 1542

"value":"<V*>", 1543
"evidence":["<E*> aggregated pointers"] 1544

} 1545
} 1546

1547
If converged=true, provide 1548

final_output_if_converged and set 1549
mode_next="stop". 1550

Otherwise set mode_next to the chosen 1551
deliberation mode for the next round. 1552

""" 15531554

C Dataset 1555

C.1 Data Collection and Selection Criteria 1556

The benchmark was constructed to represent the 1557

frontier of vaccine adjuvant research. We per- 1558

formed a targeted literature search using the query: 1559

TOPIC=(("vaccine*" OR "adjuvant*" OR "immu- 1560
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niz*") AND ("nanoparticle*" OR "particle*" OR1561

"microcapsule*" OR "capsule*")). To ensure high1562

academic impact and data quality, we restricted the1563

source journals to top-tier publications (CNS Q11564

Top), including:1565

• Multidisciplinary / Nature-Science Family:1566

Nature, Science, Cell, Nature Medicine, Na-1567

ture Biotechnology, Nature Materials, Science1568

Immunology, Science Advances, etc.1569

• Specialized Nanotechnology Biomaterials:1570

Biomaterials, Advanced Materials (AM), Ad-1571

vanced Functional Materials (AFM), ACS1572

Nano, Nano Letters, Journal of Controlled1573

Release (JCR), Small, Nano-Micro Letters,1574

etc.1575

From an initial pool of approximately 1,200 papers1576

(2017–2026), we performed manual expert filtering1577

to select the 250 most relevant papers containing1578

end-to-end experimental data.1579

Data Access and Consent The data used in this1580

study was obtained through a formal application1581

process to ensure ethical compliance and proper1582

usage. For inquiries regarding data access, consent1583

protocols, or to request permission for research pur-1584

poses, please contact the data management team1585

directly at liyang2022@mail.las.ac.cn. We ensure1586

that all data distribution is contingent upon the re-1587

cipient’s agreement to our privacy and usage terms.1588

Ethics Committee Approval Yes, the data collec-1589

tion and usage protocol for this study were formally1590

approved by the Institutional Review Board (IRB)1591

/ Ethics Committee of National Science Library,1592

Chinese Academy of Sciences (LAS). All proce-1593

dures were conducted in strict accordance with the1594

approved guidelines to ensure the protection of par-1595

ticipants’ privacy and data security.1596

C.2 Five-Step Expert Annotation Protocol1597

To capture the complex logic of scientific discov-1598

ery, our annotation process followed a rigorous1599

eight-step heuristic protocol: 1. Lead Object Iden-1600

tification: Identify the primary research objects by1601

analyzing the frequency of experimental groups in1602

comparative figures (e.g., the most frequent con-1603

trast pair like TLR7-alum vs. TLR7-NP). 2. Con-1604

textual Definition: Locate the first mention of iden-1605

tified names to establish a preliminary definition of1606

the adjuvant system. 3. Novelty Verification: De-1607

termine if the group contains a novel adjuvant or an1608

established delivery system. 4.Category Classifica- 1609

tion: Classify the adjuvant into categories (Particle, 1610

Molecular, Inorganic Salt, Composite, or Other) 1611

based on semantic cues like "size/SEM" for parti- 1612

cles or "receptor/molecular formula" for molecular 1613

types. 5.Attribute Extraction: Fill the schema (e.g., 1614

Composition, Morphology, Particle_Size) by local- 1615

izing specific characterization snippets in Results 1616

or Methods. 1617

C.3 Quality Assurance and Statistics 1618

The reliability of scientific data extraction depends 1619

heavily on domain-specific knowledge. Our anno- 1620

tation team consisted of two primary annotators, 1621

both of whom are PhD candidates specializing in 1622

vaccine adjuvants and biomaterials. This ensured a 1623

deep understanding of complex chemical nomen- 1624

clatures, immunological mechanisms, and experi- 1625

mental methodologies. A senior scientist with over 1626

10 years of experience in adjuvant research served 1627

as the final arbitrator to resolve discrepancies and 1628

ensure the highest level of ground-truth accuracy. 1629

We implemented a rigorous three-phase work- 1630

flow to eliminate subjective bias and ensure data 1631

consistency: 1632

Phase 1: Double-Blind Independent Labeling. 1633

The two primary annotators independently ex- 1634

tracted records from the raw PDFs following the 1635

eight-step protocol (Sec. B.2). They were blinded 1636

to each other’s results to prevent cross-influence. 1637

Phase 2: Consistency Assessment. We con- 1638

ducted a systematic consistency check using Co- 1639

hen’s Kappa for categorical fields (e.g., Category, 1640

Sub_type) and F1-score for free-text fields (e.g., 1641

Composition, Morphology). The inter-annotator 1642

agreement reached an initial high threshold (Kappa 1643

> 0.82), indicating the protocol’s clarity. 1644

Phase 3: Expert Arbitration. Discrepancies iden- 1645

tified in Phase 2—often involving ambiguous exper- 1646

imental groups or implicit evidence—were submit- 1647

ted to the senior arbitrator. The arbitrator reviewed 1648

the raw evidence in the PDF to make a final de- 1649

cision, resulting in the finalized "Gold Standard" 1650

dataset. 1651

C.4 Complexity Analysis: The "Needle in a 1652

Haystack" Challenge 1653

The benchmark presents a unique challenge for AI: 1654

the average paper length is 20 pages, yet the key ev- 1655

idence for a single adjuvant attribute is often buried 1656
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Figure 5: Part of the vaccine adjuvant IE Benchmark(1)

Figure 6: Part of the vaccine adjuvant IE Benchmark(2)

in a single sentence or a sub-figure caption. More-1657

over, the multi-object nature (avg. 4.3 adjuvants/-1658

paper) requires the model to maintain long-range1659

spatial awareness to avoid cross-contamination be-1660

tween experimental groups. This "Sudoku-like"1661

dependency—where knowing the Category helps1662

constrain the Particle_Structure—validates the ne-1663

cessity of our Progressive Filling framework over1664

one-pass extraction. The finalized benchmark ex-1665

hibits high density and complexity, as summarized1666

in Table 5. Part of the dataset is shown in the fig-1667

ure 5 and figure 6 below.1668

Metric Statistics

Total Papers (Raw PDFs) 250
Total Adjuvant Entities 1,000+
Average Page Count per Paper 20.4
Average Adjuvants per Paper 4.3
Max Adjuvants in a Single Paper 12
Schema Fields per Record 10

Table 5: Statistics of the Vaccine Adjuvant IE Bench-
mark
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